Nelson, MT, Biltz, GR, and Dengel, DR. Repeatability of respiratory exchange ratio time series analysis. J Strength Cond Res 29(9): 2550-2558, 2015-Currently, there are few studies on the repeatability of a time series analysis of respiratory exchange ratio (RER) under the same conditions. This repeated-measures study compared 2 trials completed under the same conditions. After an 8-hour fast, subjects (7 male and 5 female) (mean 6 SD) of age 27.3 6 3.7 years, body weight of 71.8 6 8.4 kg, percent body fat of 16.4 6 8.1%, and peak oxygen uptake (V _ O 2 peak) of 46.0 6 5.3 ml$kg 21 $min 21 completed a V _ O 2 peak test followed 7 days later by a cycle ergometer test at 30% of ventilatory threshold (VT) and 60% of VT for 15 minutes each. These tests were repeated again 7 days later. Paired t-tests revealed no significant differences between the tests for mean RER or sample entropy (SampEn) score at both intensities. The coefficients of variance were generally similar for the mean and SampEn of the RER. The intraclass correlation coefficient (ICC) values for the mean RER at 30% of VT were 1.00 and at 60% of VT were 0.92. The ICC values for the SampEn RER at 30% of VT were 0.81 and at 60% of VT were the lowest at 0.25. Bland-Altman plots demonstrated a measure of agreement between both methods. We demonstrated that RER measurements at 30 and 60% of VT are repeatable during steady-state cycle ergometery. Future research should determine if this finding is consistent with a larger sample size and different exercise intensities.
INTRODUCTION
R espiratory, cardiovascular, and metabolic systems may contain additional data regarding metabolic health and athletic performance. The use of mathematical algorithms is a relatively simple way to extract this new data that can be used to provide additional information. The standard statistical methods used to extract information from these data sequences assume independence of the data events and linearity of the data sequence.
To date, most of these algorithms that have been developed have used simple linear methods, which are limited. Since metabolic and cardiopulmonary physiology is interdependent, the data generating events during exercise are not a linear process, new methods of analysis beyond linear statistical methods must be used to reveal new information regarding metabolic health and athletic performance (24, 26, 37, 38, 42) .
Every physiologic system has the property of complexity as information within a signal. This "hidden" information can only be quantified through nonlinear techniques (17, 39) . These newer nonlinear methods have historically used a time series (variability) data analysis process. They have been successfully applied to heart rate (HR) (HR variability) to assess autonomic control of the heart under various physiologic conditions (31, 43) , thus providing addition information than what could be obtained through a simple linear method. These new nonlinear methods may be applied to other physiologic systems (e.g., metabolism); but like all new methods, they must first be shown to be repeatable.
One of the most common metabolic measurements is the respiratory exchange ratio (RER) since it can be relatively easily obtained through a common metabolic gas analysis cart. Respiratory exchange ratio is defined as the ratio of the amount of carbon dioxide produced (V _ CO 2 ) to amount oxygen consumed (V _ O 2 ) (7). The typical steady-state RER typically lies between 0.7 and 1.0, where 0.7 corresponds to 100% fat metabolism, 0.85 corresponds to 50% fat, and 50% carbohydrate metabolism, and 1.0 corresponds to 100% carbohydrate metabolism (50) . When viewed as a time series of data, these RER values have been shown to contain fine scale alterations as demonstrated by their ability to change moment by moment (7, 19, 50) . Several factors can affect energy metabolism (and thus RER) during exercise and rest, such as muscle glycogen, training volume, plasma-free fatty acid concentration, and percentage of fat in dietary intake (12) . Toubro et al. (47) measured 24-hour respiratory quotient in metabolic chambers and found that variations between subjects' RER could be attributed to age, gender, dietary substrate intake, insulin, and plasma-free fatty acids.
It was hypothesized by Biltz et al. (4) that these fine scale changes in breath-by-breath RER data may contain valuable physiologic information related to metabolic health and performance. Variability analysis may provide a means for identifying this new information as a marker for metabolic flexibility. Metabolic flexibility is the ability of the body to acutely switch its reliance between fatty acids and glucose (21, 22, 45) . A loss of metabolic flexibility (metabolic inflexibility) is theorized to play a role in specific diseases such as type 2 diabetes (11,13) and potentially decreased athletic performance since athletes would have a harder time switching from aerobic to anaerobic metabolism and back.
We propose that the variability in the RER time series from one breath to the next contains valuable data about the subject's metabolic status. To date, no information has been published on the reproducibility of RER variability during exercise using this new algorithm. The purpose of this study was to investigate the repeatability of mean RER and RER variability measurements at 30 and 60% of ventilatory threshold (VT) during cycle ergometery in recreationally active young adults. We hypothesized that this new RER time series analysis algorithm would be repeatable over both exercise intensities on different days.
METHODS

Experimental Approach to the Problem
Physiological assessment of athletes provides a unique opportunity to investigate metabolic adaptations for both health and performance. The development of a new valid algorithm may provide additional information to athletes and coaches. It could easily be added to existing equipment and testing procedures to provide further insights. To achieve those goals, any new algorithm needs to be specific, reliable, sensitive, and preferably noninvasively conducted with commonly available equipment.
Of all equipment in an exercise physiology laboratory, the metabolic cart has remained one of the most prevalent. With newer systems, it is commonplace to obtain a measurement with each breath (breath-by-breath method). When these data are viewed over time, even during steady-state exercise, fine scale changes from one measurement to the next can be seen. Variability in physiological data is more than error around a mean; it contains valuable information that is beyond the scope of traditional parametric statistics (mean, SD). To more fully understand information that is contained in variability, time series data analysis must be performed (49) .
These time series analysis methods can be broadly classified as linear or nonlinear. One class of the most studied nonlinear methods is based on the analysis of entropy. Entropy, in the original context of thermodynamics, was a measure of system disorder and randomness. One of the earlier methods, approximate entropy, was first proposed in 1991 by Pincus (33) . It was a way to quantify the dynamic control of a system (32) . To date, approximate entropy has been used in the analysis of medical data (35) , cardiology (20, 41) , and neurohormonal responses (18, 34, 36) . In 2000, the concept of sample entropy seemed to reduce the bias in approximate entropy (26, 51) and has been used in the analysis of time series physiologic data (17) .
Respiratory exchange ratio values also change on a moment-by-moment basis dependent on energy metabolism (7, 50) . Fine scale time series changes in RER calculated through sample entropy (time series analysis) may provide valuable insights into metabolic health and athletic performance. These fine scale changes in RER, as determined by a sample entropy variability analysis, may also serve as an efficiency marker of exercise through metabolic flexibility since they contain information about which fuels (carbohydrates and fat) are being used in the body.
This study was designed to investigate the test-retest reliability of this new analysis method through a 2-sample Student's t-test, the technique of Bland and Altman (5), Pearson's correlation, and intraclass correlation coefficients (ICC) for the tests (44). Data collection and calculations were performed on 2 separate occasions 7 days apart.
Subjects
A sample of 12 (7 male and 5 female) recreationally active subjects between the ages of 21-32 were recruited with the characteristics shown in Table 1 . Informed consent was signed by all subjects. Before testing, all participants were informed of the study details and procedures including all the potential risks. Participants completed the Physical Activity Readiness Questionnaire, which assessed their health history (1), and were excluded if they had any significant injury or illness in the previous 2 weeks. The protocol, informed consent, and related documentation were reviewed by the University of Minnesota Institutional Review Board for approval before the study started and conducted in accordance with their requirements.
Procedures
For preliminary testing, subjects were asked to make 3 visits to the Laboratory of Integrative Human Physiology (LIHP) on nonconsecutive days. The 3 trips consisted of an initial peak aerobic capacity test and 2 ride tests at 30% of VT and 60% of VT for 15 minutes each, all performed on a stationary electronically braked cycle ergometer (Lode Corival, Groningen, the Netherlands). Subjects were instructed to fast for a minimum of 8 hours previous to all exercise tests, to avoid any caffeine for 48 hours prior, and to not participate in exercise during the previous 24 hours. The 48-hour withdrawal of caffeine was considered adequate given the halflife of caffeine is about 4-6 hours (14) . An overnight fast was done to minimize any effect of the previous meal on RER (7, 29) . Subjects were instructed not to change their diet or exercise routine during the study.
Before the first exercise assessment, height and weight were measured using a wall-mounted stadiometer (Ayrton Stadiometer, Model S100, Prior Lake, MN, USA) and digital weight scale (Model 5002, Scale-Tronix Inc., Wheaton, IL, USA). Each measurement was done 3 times and the mean recorded. Body mass index (in kilograms per square meter) was calculated as the body weight (in kilograms) divided by height squared (square meter). Air displacement plethysmography (Bod Pod Life Measurement Inc., Concord, CA, USA) was used to obtain initial visit body fat percentages. Subjects were instructed to sit still and breathe normally while the body volume measurement was conducted. Thoracic gas volume was estimated according to the methods described by Dempster and Aitkens (10). Body fat percentage was calculated by computer software using the Siri equation and the collected data (46) . Subjects were fitted with headgear and mouthpiece for collection of expired air by a calibrated open-circuit spirometry metabolic cart (CPX-D, MedGraphics Corp., St. Paul, MN, USA). It was turned on 30 minutes ahead of time to stabilize, calibrated against known gases and with a 3-L syringe before every test. Seat and handlebar height were recorded and were replicated for subsequent experimental trials. After a warm-up on the bicycle ergometer for 5 minutes at 25 W, subjects were asked to complete a progressive resistance exercise test. Subjects rode at a cadence of 60-90 rpm against an increasing resistance of 50 W every 2 minutes until volitional exhaustion. Rating of perceived exertion (RPE) was obtained at the end of each stage using the 10-point Borg category scale (6) . All subjects met at least 2 of the following criteria of maximal effort: (a) increase in V _ O 2 between the last 2 stages of less than half the expected increase, (b) RER $1.10, or (c) RPE $9 on the Borg 1-10 scale. Constant verbal encouragement was given to the subjects during each trial to elicit a maximal effort. Analyzed gas samples were used to determine peak aerobic capacity (V _ O 2 peak ) and the VT by the D max method (9) .
This study used a repeated-measures design. After a minimum of 7 days from preliminary testing, subjects returned to LIHP for their initial test. They observed the same pretesting criteria with respect to fasting, caffeine, and exercise. All testing was performed in a climate controlled environment (constant temperature and humidity) between 6:00 and 8:00 AM. Subjects were fitted with headgear and mouthpiece for collection of ventilation, V _ O 2 , CO 2 production (V _ CO 2 ), and RER on a breath-by-breath basis. After a 5-minute warm-up on a bicycle ergometer at 25 W, subjects pedaled at a workload corresponding to 30% of their predetermined VT for 15 minutes, and then pedaled at a workload corresponding to 60% of their VT for an additional 15 minutes. The second test was conducted with the same procedure and done a minimum of 7 days afterward.
The RER measurements were taken as breath-by-breath samples and stored for latter off-line analysis (Kubios Heart 
RESULTS
The mean 6 SE values for the mean RER and sample entropy scores for test 1 and test 2 are shown in Table 2 . No significant differences between the tests were found for mean RER or the sample entropy score at 30% of VT or 60% of VT. Pearson's correlation for relationships between the subject's characteristics (height, weight, and body fat) and the sample entropy of the RER parameters showed a significant correlation only between percent body fat and the sample entropy of the RER at 60% of VT (r = 20.59, p = 0.046). The highest coefficients of variance were observed for the sample entropy of the RER at 30% of VT, with 23.9% for test 1, and 22.0% for test 2. The coefficients of variance for the sample entropy of the RER at 60% of VT were similar at 24.0% for test 1 and 20.1% for test 2. The coefficients of variance were lower for the mean RER at both intensities at 4.8 and 3.3% at 30% of VT and 4.2 and 3.1% at 60% VT for test 1 and test 2, respectively. The ICC was based on the results of a repeated-measures analysis of variance, which compared the test-retest trials for each of the exercise tests. Intraclass correlation coefficients were lower for the sample entropy RER scores than for the mean RER values. The ICC for the sample entropy RER at 30% of VT was 0.81 and at 60% of VT was the lowest at 0.25. The ICC for the mean RER at 30% of VT was 1.00 and at 60% of VT was 0.92.
The Bland-Altman plots in Figures 1 and 2 illustrate a measure of agreement between 2 measurements over a range of values. The 95% confidence intervals (CIs) represent the difference at each intensity (30 or 60% of VT). The difference in mean RER values between test 1 and test 2 at 30% of VT and 60% of VT are shown in Figures 1A, B , respectively. These data were in agreement and the mean RER values were centered around the mean difference of zero. Figures  2A , B demonstrated good agreement with most points within the CI for the sample entropy RER scores at both 30 and 60% of VT, indicating agreement with the exception of 1 data point. All data were normally distributed as determined by the Shapiro-Wilk test. Table 3 reports the average V _ O 2, V _ CO 2 , and energy expenditure (EE) for test 1 and test 2 at 30 and 60% of VT. The Weir equation for EE (kilocalories per minute) = 3.941 V _ O 2 + 1.106 V _ CO 2 was used for conversion of V _ O 2 (liters per minute) and V _ CO 2 (liters per minute) to kilocalories. These data (with the exception of EE) are plotted against subject number in Figure 3 . These data were reported to show how fuel usage varies over time as a possible marker of metabolic health and athletic performance. There was no statistical difference between the 2 tests at either intensity for any of the variables.
DISCUSSION
To our knowledge, this pilot study is the first to investigate the repeatability of time series analysis of RER data by sample entropy. Respiratory, cardiovascular, and metabolic systems have been shown to exhibit inherent complex variability (27) , which may contain valuable data about metabolic health and performance. Recently, Macfarlane and Wu (27) found that even when measurements were taken by 2 identical metabolic systems during the same theoretical "steady-state exercise," some small biological variation was measurable above the between-system technological variation. Every physiologic system has the property of complexity as information within a signal, which can be quantified via nonlinear techniques (17, 39) . Many physiologic systems exhibit within-subject variation (3, 8, 23, 28) . Heart rate is known to vary in relation to sympathetic and parasympathetic response governed by central command centers in the brain (2); but control is also affected by baroreceptors, chemoreceptors, muscle afferent, local tissue metabolism, and circulating hormones (28) for beat-to-beat adjustment of hemodynamic parameters. Respiratory exchange ratio values also change on a moment-bymoment basis dependent on energy metabolism (7, 50) . The RER may also serve as an efficiency marker of exercise through metabolic flexibility since it contains information about which fuels (carbohydrates and fat) are being used in the body. Goedecke et al. (12) showed a very large interindividual variability in resting RER from 0.72 up to 0.93 that even persisted during exercise of increasing intensity. This corresponded to a relative rate of fat oxidation that ranged from 23 to 93%. This large interindividual variability in RER from 0.83 to 0.95 was also demonstrated by Helge et al. (16) during low-intensity steady-state exercise. This was quite similar to what we observed with a range of RER from 0.82 to 0.97. Therefore, RER has the capacity to vary over a large range as an indicator of the fuel being used and may be associated with exercise intensity.
To tease out the variation due to normal physiology and potential erroneous data can be difficult. Many times, this normal variation is considered "noise" and explained away as error. Now, as newer and more sophisticated techniques become available, combined with newer mathematic algorithms, it may become possible to more accurately quantify this physiological "noise." In 2000, the concept of sample entropy appeared (26, 51) and has been used in the analysis of time series physiologic data (17). Richman and Moorman (40) defined sample entropy as "precisely the negative natural logarithm of the conditional probability that 2 sequences similar for m points remain similar at the next point, where self-matches are not included in calculating probability." Therefore, a lower value of sample entropy indicates less variability. Sample entropy (SampEn) does not use a template-wise approach when estimating conditional probabilities since it is in essence an event-counting statistic (40) . Newer mathematical methods beyond standard statistical methods have been developed to analyze the inherent variability and quantify the amount of regularity in data under various conditions (15, 35) . Sample entropy has been shown to date to be a robust algorithm to perform nonlinear time series analysis (4,30) and thus should be able to detect dynamic changes in other physiologic systems.
Despite all the work completed historically with RER, to date, the variability of breath-by-breath data has not been analyzed using time series methods. Respiratory exchange ratio has been found to be a reproducible variable during exercise under steady-state standardized conditions (7). Laplaud and Menier (25) , in a test-retest study of male and female athletes, showed that the instance of RER = 1.00 was highly reproducible. As exercise intensity increases, the RER variability range reliably decreases (25, 48) . It was hypothesized that the variability analysis of RER time series data should also be reproducible. This study was designed as a repeated-measures format to determine the test-retest performance of this new application. In this study, the coefficients of variance were generally low for the mean RER at both intensities (3.1-4.8%), but were higher for sample entropy RER (which ranged from 20.1 to 24.0%). Our test-retest reliability results using the Bland and Altman bias 695% limits of agreement were very similar for the mean RER and SampEn RER at both intensities of 30 and 60% of VT. These results are consistent with the similar data from the 1-way ANOVA results for both the mean and SampEn of the RER values where they were not statistically different. Test-restest analysis represents an important aspect of exercise performance testing when evaluating potential new methods, since a test with poor reliability is not useful. Our results demonstrated an acceptable level of testretest performance.
PRACTICAL APPLICATIONS
These fine scale changes in RER, as determined by a sample entropy variability analysis, may also serve as an effective marker of exercise through metabolic flexibility since they contain information about which fuels (carbohydrates and fat) are being used in the body. Metabolic flexibility is the ability of the body to acutely switch its reliance between fatty acids and glucose (21, 22, 45) . A loss of metabolic flexibility (metabolic inflexibility) is theorized to play a role in specific diseases such as type 2 diabetes (11,13) and potentially a decrease in athletic performance. Ideally, athletes want to be very metabolically flexible. This allows the use of fat as a fuel source during lower exercise intensity periods, but still maintains the ability to use carbohydrates as the intensity increases, such as a sprint to pass an opponent or the final surge toward the finish line. This is advantageous since this new sample entropy algorithm could be used in laboratory testing procedures to determine fuel switching and efficient fuel use during exercise, without the additional cost of new equipment.
Since RER is a measurement of substrate selection of metabolism, it was hypothesized by Biltz et al. (4) that breath-by-breath RER variability analysis by sample entropy may provide a means for identifying metabolic inflexibility. Using sample entropy to analyze RER time series data, Biltz et al. (4) found a trend of lower sample entropy scores in obese adolescent subjects indicating they were more metabolically inflexible.
Although time series analysis has become increasingly more popular as a valid method to analyze current data to discover new insights, little data exist to support the repeatability of these new algorithms. This pilot study was the first to provide repeatability data on RER time series measurements collected under the same conditions on different days. We demonstrated that RER measurements at 30 and 60% of VT are repeatable during steady-state cycle ergometery. If this finding is consistent at other exercise intensities, it may be a way to noninvasively measure metabolic flexibility, which has implications for both health and athletic performances.
